In developing countries, policy-makers at all levels are confronted with the problem of prioritizing different projects which needs to be done in a systematic method for the optimal allocation of funds.
In the context of urban storm water asset management, Vojinovic et al. () acknowledged three groups of activities, namely: (1) 'creation of assets' (planning, prioritizing, and acquiring); (2) 'operation of assets' (including their maintenance and rehabilitation); and (3) 'asset rationalization' (including their potential reuse, decommissioning, and disposal). The same scheme is also used in this paper to categorize the current studies of relevant subjects for the first two groups and to show the existing gap in the research which also shows the novelty of the present study. Apparently, the third group is not related to the subject of the present study so its relevant literature is not discussed herein. Having a designed system in hand for development of an urban drainage system drives the need to have an efficient tool for prioritizing the implementation of system elements when it comes to budget limitation. From a management perspective, there should be a difference between designing a UDS and defining projects. The design phase normally produces a set of different development lines for a system.
However, in large-scale projects, these development lines may not be built at the same time due to the lack of financial and executional resources. Top management needs to know which parts of the designed lines should be constructed taking into account these limitations and other variables. This is the gap in the research that this paper is trying to fill, in other words, presenting a systematic approach for budget allocation to urban drainage systems in large developing cities that have grown with inappropriate infrastructure. This subject falls in the prioritizing subgroup of 'creation of assets' in urban drainage systems and it has not received enough attention so far. In this regard, the concept of 'project definition structure' is used to discriminate between the designed UDS and the scheme projects are scrutinized for execution. In this regard, depending on the size of designed lines, they are subdivided into different pro- The aim of this paper is to apply a systematic approach to prioritize urban drainage projects under different schemes for defining the structure of projects and also under different levels of budget limitation. Tehran, as the capital city of Iran, has been selected as the study area.
The city is highly populated with the number of inhabitants above 10,000,000 and is rapidly developing. The rapid development in the city has not been accompanied with proportional infrastructure development. Lack of systematic approach for constructing runoff drainage systems has led to the frequent overflows of channels in rainy seasons (Jahani & Reyhani ) , despite heavy investment by the public sector. The Tehran storm water master plan (2004, 2011) has investigated the city and recommended different alternatives to be implemented to safeguard the city against flood. 
METHODOLOGY AND FRAMEWORK DESCRIPTION
Description of the proposed framework
In the present study, several modules are combined to form a framework for the problem in hand. Figure 1 shows a schematic representation of the sequence and connection of these modules. The concepts and methods that are used in these modules are also described in the following sections.
Depending on the number of selected criteria (from three objectives that are defined here), the single objective optimization approach (SOPSO) or multi-objective optimization approach (MOPSO) is chosen. The optimization algorithm requires evaluation of the criteria. The hydraulic model assesses the hydraulic performance of the system to calculate the objective functions.
In the single objective approach, only one particle from N p is selected as the Pbest and Gbest, while in the multiobjective approach, a set of non-dominated particles is considered as the Gbest particle. In SOPSO, the Gbest that is obtained from the last iteration is considered as the best solution, while in MOPSO the best compromise solution is selected from the Gbest archive.
Storm water management model
The SWMM 5.0 developed by the Environmental Protection
Agency is a dynamic rainfall-runoff simulation model that is (investment deployment criteria) attempts to select a budgetary feasible combination of projects based on the available budget and is defined as:
where Budget available indicates the current budget that is provided by the government. The main motivation behind this study is that the available budget is not enough to implement all the projects. Thus, clearly, Budget available is smaller than the total budget required to completely safeguard the study area against flooding. X i is a binary vector indicating a combination of projects which takes value 1 if the project i is constructed or 0 if not. N p is the total number of projects required to completely safeguard the study area against flooding. Cost i is the cost of each project and is estimated based on the length and price of pipes with certain diameter and is calculated as:
Length pipeu × Pr ice pipeu (2) where Ui is the number of different sections in project i.
Since it is easier to work with normalized costs, the cost values are evaluated as a ratio of the construction cost for maximum pipe size. In other words, the costs are calculated as a ratio of a constant value. We consider two situations of budget limitation. In the first approach, we assume that the available fund is 75% of the required budget. We investigate higher levels of limitation on budget through considering the available fund as 50% of the required budget. The f inv should have values between 0 and 1. It takes value 0 when the set of chosen projects costs exactly equal to the available budget and 1 when none of the projects is implemented. We eliminated the sets of projects that impose higher costs than available budgets through assigning a penalty of 10,000 as shown in Equations (3) and (4). The normal range of our objective functions is [0,1] so a penalty of 10,000 would assure us that financially infeasible solutions will be eliminated in the optimization process.
f dam reflects the cost of flooding if some of the projects are not implemented due to budget limitation, i.e., binary is 0. The function estimates the damage cost based on the flooding depth and the respective areal coverage as:
where N f is the number of flooded nodes in the SWMM 
Optimization algorithm
The general framework of minimal optimization with N obj objective functions and a vector of feasible solution X (here, X is a binary vector that defines whether a project should be implemented or not) is expressed as:
In multi-objective decision-making, the methods for extracting decision-makers' preference are divided into three categories: (1) the methods based on a priori articulation of preferences; (2) the methods based on a progressive articulation of preferences; and (3) the methods based on a posteriori articulation of preferences (Hwang & Masud ) .
Pareto (non-dominated or non-inferior) optimality concept, introduced by Edgeworth () and later generalized by Pareto (), is adopted when the preference structure of decision-makers is not specified. The concept would
give rise to a set of acceptable solutions for decisionmakers in which it is not possible to improve one objective function unless worsening at least another one (Osyczka ) . The Pareto optimality conditions may be defined as:
The first expression divides the feasible parameter space into two sets of efficient (Pareto) and inefficient (inferior)
solutions. The second expression states that in the absence of additional information, it is not possible to distinguish
any efficient solution as being objectively better than another one. This process discusses several layers of objectives for each cell defining the spatial distribution of the urban area. In this way, decision-makers and stakeholders are able to derive a suitable set of solutions that is essentially optimal and allows safe negotiation. We implement the particle swarm optimization (PSO) algorithm which can be adapted for both single objective and multi-objective optimization approaches.
Single and multi-objective particle swarm optimization
The PSO is a population-based optimization technique Pbest, so it keeps a record of previous best performances for each particle. Conversely, Gbest is the value of best performance so far in the neighborhood (swarm).
where i shows the particle's number in a swarm, j is the particle's dimension. W e is the inertia weight which shows the effect of previous velocity on the new velocity and C 1 and C 2 are learning factors for balancing exploration and exploitation features of the search algorithm.
The original PSO was developed for continuous valued spaces. We used the discrete binary version of the algorithm introduced by Kennedy & Eberhart () which is compatible with binary valued space of the problem in hand. In a binary space, a particle may be seen to move to nearer and farther corners of the hypercube by flipping various numbers of bits; thus, velocity of the particle overall may be described by the number of bits changed per iteration.
Thus the velocities of parameters are defined in terms of probabilities that a bit will change to 1. This restricts velocity within the range [0, 1]. The sigmoid normalization function used is defined as:
(10) Accordingly, the new position of the particle can be defined as:
where rand is a uniform random number in the range [0, 1].
Owing to the major issues and concerns about binary PSO In single objective PSO (SOPSO), Gbest is determined easily by selecting the particle which has the best function value. However, in multi-objective PSO (MOPSO), Gbest is a set of Pareto optimal solutions saved in an archive. Several methods are proposed for finding the best local guides.
In this study, we tested 'roulette wheel' selection method and Sigma method (Mostaghim & Teich ) . The results showed that Sigma method provided better Pareto fronts where 'roulette wheel' selection did not yield the optimal front for our case and in most cases, only 1 single point from the Pareto front was identified. Other studies have also shown the outperformance of the Sigma method (Kamali et al.  ) . In this method for a case of two objective functions, each particle takes a Sigma value as: 
Best compromise solution for MOPSO
The challenge in Pareto-based MOPSO is to select the best suitable solution, from M non-dominated solutions, when the preference structure of decision-makers is not specified.
Abido () proposed a fuzzy-based best compromise solution method in which a linear membership function is defined as:
where f k max and f k min are, respectively, the maximum and minimum values of objective functions. The membership function represents the degree of achievement for k th objective function as a value between u k ¼ 0 (completely unsatisfactory) and u k ¼ 1 (completely satisfactory). For each non-dominated solution i, the normalized membership function u p is calculated as:
The function u p represents a fuzzy cardinal priority ranking of the non-dominated solutions where the best compromise solution is the solution with a maximum membership value.
Study area and model set-up
Tehran, the capital of Iran (Figure 3(a) ), has rapidly devel- Figure 4 demonstrates the relative priority of different regions in the study area taking into account the population and the importance of the surrounding buildings. The discharge of all four channels is finally directed to a downstream suburb through the EDC channel (Figure 3(c) ) at the lower parts of the study area. Implementation of all designed channels in the study area would cost about 38 million dollars which is not affordable for the city.
Having modeled the current drainage system of the area in SWMM based on discharge values with a 50-year return period and 6 hours of rainfall, we identified 10 flood spots (Figure 3(c) ). Therefore, to fully safeguard the system against flood, we need to implement modification in the conduits located in these regions. This is compatible with the findings of the Tehran storm water master plan. We designed the necessary conduits to eliminate the flooding considering the capacity of the available conduits in the system. These candidate projects are also shown in Figure 3 (c) with their codes according to Table 1 .
To show the effect of project structure definition on prioritized projects, two levels of project definition are investigated, as shown in Table 1 Project-6 in Level-1 (P1-6) is divided into four projects (P2-13, P2-14, P2-15, and P2-16) . Therefore, the total number of projects has increased to 26. Table 1 also presents and compares the quantitative information of projects in both levels.
RESULTS

Single objective optimization approach
To highlight the importance of multi-objective optimization as well as having a benchmark, Table 2 represents the results of SOPSO for projects defined in Level-1 of the case study.
For the purpose of this One might argue that f inv is not an objective function by itself, but in urban management sometimes it is. This is due to the fact that budgets are allocated to each sector and their consumption level is an important performance criterion for managers. As a result, they tend to consume the allocated budget regardless of other objectives. Rows 1 and 4 in Table 2 show that this approach might be misguiding in some cases such as in ( 
Multi-objective optimization approaches
The multi-objective problem is investigated in three bi-objec- Table 2 shows that the use of MOPSO has altered the final solutions. As an example in SOPSO, when the shows that the tri-objective optimization has led to a set of projects with better overall performance compared to the case when each function worked independently.
As mentioned above, less budget allocation leads to deterioration of objective functions. It thus becomes a matter of concern to be able to improve the objective functions, which needs better management policies, even with lower budget allocations. This strengthens the need to Level-1 and Level-2. As shown, for 75% budget allocation and in Level-1 (Figure 7(a) ), the downstream section of the Ghiasvand (P1-6 with a length of 4,400 meters) is proposed to be implemented. Splitting this project into four smaller projects (P2-13 to P2-16) with the same budget allocation but in Level-2, it is observed that if only the upper parts of the project are implemented (P2-13 and P2-14), then less damage and exposure costs will be imposed on the systems. The project definition in the Level-1 approach could not distinguish this point of view.
DISCUSSION AND CONCLUSIONS
The particle swarm optimization algorithm is used to prioritize and select the best combination of urban storm water drainage projects in the northern region of Tehran, Iran, under different budget limitations. Based on an extensive review of the current literature it is concluded that the present study fills some of the existing knowledge gaps in the subject. The chosen study area is a region where a large number of projects and major channels are required to be implemented to protect it against flood damage.
For the purpose of finding the best combination of projects under budget limitation, the PSO optimization algorithm in both single and multi-objective approaches is utilized to address the preferences of decision-makers with respect to different objectives. Three criteria and two levels of budget allocation, namely 75% and 50% of the total required budget, are considered for this purpose. The results of single objective optimization reveal that single optimization is not adequate to fulfill the objectives of the decision-makers. As the problem is inherently multi-criteria based, optimizing based on only one criterion neglects other objectives.
In the next step, multi-objective optimization is utilized and the Pareto fronts are established in bi-and tri-objective approaches. It is concluded that the multi-objective algorithm gives solutions that have better overall performance. Comparing two budget allocation levels shows that when more limitation on budget is imposed upon decisionmakers, the effect of project definition structure is important and needs to be investigated. Therefore, a more discrete structure of flooded channels consisting of 26 projects is defined. It is also shown that proper project definition has a positive impact on the objectives and so it should be duly addressed while prioritizing projects. Comparing the spatial variation of the final set of proposed projects in two levels highlights this necessity.
For the optimization process, the population size and number of iterations are chosen so as to obtain the optimal solutions while keeping the algorithm computationally efficient. For SOPSO, a population size of 8 with 35
iterations is used. However, for other cases, the number of iterations had to be increased to 50 to produce satisfactory results. For Level-1, a population size of 15 was found suitable for both bi-and tri-objective optimization whereas for Level-2 a population size of 20 and 25 is used, respectively.
It is worth mentioning that over-discretizing the projects into very small ones might lead to improvement of the objective functions, but conversely, to start implementing the projects based on an over-discretized scheme might lead to an unsystematic development and also might have adverse impacts on other aspects such as transportation and social acceptance. Therefore, project definition needs to be seriously investigated by stakeholders before the results are assessed in subsequent project prioritization. It is recommended that the impacts of project prioritization on other criteria such as transportation and urban construction should be assessed.
It is also important to note that BCS solutions selected from Pareto front are based on equal weight of the criteria, while the results will significantly change when these relative weights are changed. Therefore, it is mandatory that multi-criteria decision analysis is performed to select the criteria with higher influence and to define the relative importance of the criteria.
